Banking risk management has become more important during the last 20 years in response to a worldwide increase in the number of bank failures. Turkey has experienced a series of economic and financial crisis since the declaration of Republic and banking system has the most affected sector from the results of these crises. This paper examines some bank failure prediction models using financial ratios. Survival, ordinary and conditional logistic regression models are employed in order to develop these prediction models. The empirical results indicate that the bank is more likely to go bankrupt if it is unprofitable, small, highly leveraged, and has liquidity problems and less financial flexibility to invest itself.
Introduction
Recent episodes of financial crises in emerging markets progressively highlighted the importance of a sound and well-functioning banking sector for macroeconomic stability and sustainable economic growth. There has been a great interest in constructing models to explain bank failure and in categorizing banks into failed or non-failed banks since the 1960s. The bank failure studies are important for two reasons: First, an understanding of the factors related to a bank's failure enables regulatory authorities to manage and supervise banks more efficiently. Second, the ability to differentiate between failed banks and non-failed ones could reduce the expected cost of bank failures. If examiners can detect problems early enough, regulatory actions can be taken either to prevent a bank from failing or minimize the costs to the public and thus taxpayers.
Since 1980s Turkish banking sector experienced a significant expansion and development in the number of banks, employment in the sector, diversification of services and technological infrastructure. Total assets of the banking sector increased from USD20.8bn (28.6% of GNP) in 1980 to USD58.2bn (38.2% of GNP) in 1990 and to USD155bn (76.9% of GNP) in 2000 (Alper, 2001 ). However, twin economic crises experienced by Turkey in 2000 and 2001 illustrated in a rather dramatic fashion the strong correspondence between a poorly functioning and under-regulated banking system, on the one hand, and the sudden outbreak of macroeconomic crises on the other.
Statistical techniques used in modeling bank failures include logistic models (Ohlson, 1980; Rose and Kolari, 1985; Pantolone and Platt, 1987 ) and survival models (Whalen, 1991; Henebry, 1996; Laviola et al., 1999) . Apart from these techniques, a few number of studies conducted toward bank failure prediction in Turkey include univariate analysis Canbaş and Erol (1985) and Erol (1985) , and multivariate regression analysis Çilli and Tuğrul (1988) and Ağaoğlu (1989) . Some other articles aimed to the determination of the financial characteristics of the Turkish banking system include cluster analysis by Aydoğan (1990) and factor analysis by Karamustafa (1999) . The efficiency and productivity of Turkish banks were measured for the period between 1999 and 2001 by employing data envelopment analysis in Atan (2003) . Atan and Çatalbaş (2005) analyzed that the efficiency of Turkish banks according to capital structure by using data envelopment analysis.
The use of survival models to explain and predict failures of banks is relatively recent. Lane et al. (1986) represented the first article that proposed and empirically evaluated the application of a Cox regression model to predict bank failure. Henebry (1996) used this model to evaluate the predictive power of cash flow variables. Laviola et al. (1999) showed that the prediction of bank failure estimated via a Cox regression model outperformed logistic model for the Italian data. Due to the absence of previous work using a Cox regression model for the Turkish case, this paper priories the use of semi parametric methods, which allows to measure the effect of relevant variables that determine bank failures together with duration dependence effects, without the need of arbitrary and possibly not realistic assumptions.
After Turkey had experienced economic crises in 2001 and 2002, a new banking law was introduced which aimed to regulate and supervise of banking sector as a result of standby agreement with IMF. By this new law, it was prevented banks to benefit from high interest rates offered on public debt instruments and they got involved in classical bank activities. In this study, the financial statements of 70 banks in Turkey were analyzed in years 2000 through 2008 in order to see how those changes are beneficial in banking sector in the country. The Turkish data are potentially interesting, as this is a country with plenty of bank failures in the recent past. Although there have been some studies on bank failures in Turkey, these studies generally take into consideration Turkish commercial banks. However, in this study all of Turkish banks are considered to show more meaningful results with thirty-seven financial ratios suitable to CAMELS 1 .
The rest of paper is organized as follows: In Section 2 methodology, sample data of the Turkish banks and determination of financial ratios are included. In Section 3, financial factors that affect the Turkish banks' failures after 2001 economic crisis are tried to be determined by survival models, ordinary and conditional logistic regression models. Finally, in Section 4 the conclusion is given and some future research perspectives are discussed.
Methodology
Suppose now that a bank begins to lose deposits, so all its efforts will be aimed at continue operating. Suppose now that after a week, the bank is still losing deposits and operating. A relevant question that managers, directors and control authorities would like 1 CAMELS refers to the six components of the bank supervision rating system developed in the United States of America: Capital adequacy, Assets quality, Management quality, Earnings ability, Liquidity and Sensitivity to the market conditions. CAMELS has been extensively used in the literature about bank ratings and failures.
In general terms, the variable of interest in the survival analysis is the time it takes a system to change from one state to another one. Generally, such a change is associated with an event (finding a job, a bank's failure, the solution of a labor conflict, etc.), which indicates the ending of the an event whose duration we try to model. This random variable is called survival time (T), it takes positive values and have a continuous distribution with finite expectation. Probability density function f(t), survival function S(t) or hazard function h(t) characterize the distribution of T. Survival function gives the probability that failure will occur after time t and written as
Many parametric (exponential, Weibull, log-logistic, log-normal, etc.) and nonparametric approximations are used to estimate survival function. Kaplan-Meier estimator is more often used and given by
where t j is the j th ordered death time from t 1 < …< t k , n j is the number of individuals still at risk at ordered time t j and d j is number of death at time t j .
Hazard function is defined by
for 0 t  and represents the probability that an individual alive at t experiences the event in the next period δt.
Cox Regression Model
Cox regression model is widely used survival model which takes into account the effect of censored observations. The data based on a sample of size n, consists of ) x , , t ( Although the model is based on proportional hazards assumption, no particular form of probability distribution is assumed for the survival times. The model is therefore referred to as a semi-parametric model (Cox, 1972) . The semi parametric character of Cox proportional hazards model seems to provide a good balance between analytical simplicity and functional flexibility. The proportional hazards assumption implies that the effect of explanatory variables on the hazard function is constant over time and works by moving the baseline hazard rate up or down in a proportional way. 
The proportional hazards assumption is satisfied when the value of the exponential expression for the estimated hazard ratio is constant. The assessment of proportional hazards assumption is done by several graphical or numerical approaches. In the violation of this assumption, different methods should be used to deal with non-proportional hazards.
Stratified Cox regression model is one of the survival models used in case of nonproportional hazards or when the data is evaluated according to one of the covariates (z) with k categories. There are two types of stratified Cox regression model: No-interaction model is defined by
where g represents the strata. z is not implicitly included in the model whereas x's which are assumed to satisfy the proportional hazards assumption are included in the model. 
Parametric Survival Models
In parametric regression models, the form of the baseline hazard function is assumed. Although Cox's semi-parametric model is the most employed regression tool, fully parametric models have some advantages. Nardi and Schemper (2003) showed that parametric models lead to more efficient parameter estimates than Cox regression model. Two approaches to the modelling of covariate effects on survival have become popular. In the first approach, natural logarithm of survival time T log y  is modelled and a linear model is assumed for y , namely
where x is a vector of covariates, ) ,..., (
is a vector of regression coefficients,  is a shape parameter and  is a random error term (Klein and Moeschberger, 1997). The second approach to modelling the effects of covariates on survival is to model the conditional hazard rate as a function of covariates as
In Eq. (10), ) t ( h 0 has a specified parametric form or an arbitrary non-negative function. It is difficult to use a formal statistical test to discriminate between parametric models because the models are not nested. One way of selecting an appropriate parametric model is to use the Akaike's Information Criterion (AIC). Some graphical diagnostics such as Cox-Snell residuals versus time plots are used to provide a check of the overall fit of the model (Lee and Wang, 2003).
Logistic Regression Analysis
In the logistic regression analysis, the values of dependent variable ) Y ( i for bank i ) n ,..., 2 , 1 i (  are defined as 1, if the ith bank is failed or transffered to SDIF (Saving Deposit Insurance Fund of Turkey); 0, if the ith bank is non-failed. The logistic regression model is based on a cumulative logistic function and provides the probability of a bank belonging to one of the prescribed classes, which gives the financial characteristics of the bank. The posterior probability of failure is derived directly from the following logit specification
where a is the constant term, i L P is the probability of bank i's failure and
, i.e., financial ratios (Kolari et al., 2002) .
From the logistic regression model, the estimated value of the dependent variable can be interpreted as the predicted probability of bank failure (
By solving the i L P through Eq. (11), the predicted bank failure probability is described as
where e is the base of the natural algorithm and y equals
Logistic regression model generates coefficient estimates for each of the financial ratios and associated test statistics that indicate how well it discriminates between failed and non-failed banks. Based on that probability a bank is classified as failed or non-failed, using a cut-off probability, attempting to minimize the type I (failed banks classified as non-failed banks) and type II (non-failed banks classified as failed banks) errors (Mcleod, 2004 ).
To classify sample banks into a failed group or a non-failed group, the logit value of each sample bank is calculated based on the estimated model and then it is applied to the probability function, 
Conditional Logistic Regression Analysis
Conditional logistic regression analysis is often applied to matched case-control designs in which cases and controls are matched on variables that may be confounders (Rothman and Greenland, 1998) . Early readable references on the application of the conditional logistic regression analysis to matched case-control designs are Breslow et al. (1978) , Breslow and Day (1980) and Holford et al. (1978) . This technique is also discussed by Hosmer and Lemeshow (2000) which gives a good introduction to the model. 
where hit x denotes the value of independent variable h for subject t in pair i,
P it  represents the probability for it Y of being 1 and
In matched case-control studies since the intercept terms
 cause difficulties with inference about the primary parameters, it can be helpful to eliminate them from the model (Hirji, 2006) . With the conditional logistic regression analysis, we treat them as nuisance parameters and maximize the likelihood function for a conditional distribution that eliminates them to estimate
 in Eq. (11), we condition on their sufficient statistics, the pairwise success totals
, and given
depends on β only when 1 S i  ; that is, only the values of dependent variable differ from the two responses. Given
Differentiating the log of this conditional likelihood, equating to 0, and solving yields the conditional maximum likelihood estimator of β in Eq. (15) that can be obtained by an iterative procedure (Mehta et al., 2000) .
For the conditional logistic regression models, the probabilities are predicted like ordinary logistic regression model. To calculate i P from β , the back transformation is
where
, then the subject is assigned to group 0. For 5 . 0 P ij  , the subject is assigned to group 1.
Empirical Study Description

Sample Data of Turkish Banks and Financial Ratios
This section begins with the description of sample data for Turkish banks and continues with the definition and summary statistics of the financial ratios. The Turkish Banking System is a good example because it represents the most recent banking crisis in a developing economy. It has been subject to the following structural weaknesses in 2001: inadequate capital base, small and fragmented banking structure, dominance of state banks in total banking sector, weak asset quality, extreme exposure towards market risk, inadequate internal control systems, risk management, corporate governance and lack of transparency (Alper, 2001 ). Most of these banks failed to discharge their liabilities with their assets and some of them were mismanaged. Banks Association of Turkey (BAT) published financial ratios of the failed and nonfailed banks in its web site 2 . In this study financial ratios are used as independent variables for the Cox regression, ordinary and conditional logistic regression analyses.
Determination of financial ratios for bank failure prediction is a problem since multicollinearity can result in incorrect signs and magnitudes of the parameter estimates. Because of multicollinearity problem, high correlated financial ratios (C2, I10, L1, L3, C5) are removed and thirty-seven financial ratios believed to have effects on the Turkish bank failures are chosen suitable to CAMELS. These financial ratios are collected into eight main groups as capital adequacy, assets quality, liquidity, profitability, incomeexpense structure, sector ratios, group ratios, and activity ratios. Definitions of financial ratios are presented in 
The Results of Survival Models
In the survival analysis, the interest is centered on an event that ends a length of time or duration. In this case, the survival time, is measured in eight-year periods and defined as the failure time until bank failure and transferred to SDIF. Turkish banks which are still alive at the end of the follow-up period are treated as censored observations. The data set consists of seventy Turkish banks, of which 48.57% are censored. The relationship between bank failures and financial ratios are modeled using the survival models.
The failure of Turkish banks is employed with Cox and stratified Cox regression models. Proportional hazards assumption is assessed by finding the correlation between Schoenfeld residuals for a particular covariate and the ranking of individual failure time for Cox regression model. It is found that all variables, except type of banks, hold proportional hazards assumption ( 05 . 0 p  ). Therefore, stratified Cox regression model is described with no-interaction and interaction models and type of banks (commercial and non-commercial) is used as a strata variable. The results of Cox and stratified Cox regression models are obtained with stepwise selection. The values of AIC, -2logL, Wald statistics and significant variables are shown in Table 2 .
Since the smallest AIC gives the best model, the results suggest that stratified Cox regression models are better than Cox regression model. For the stratified Cox regression model, no-interaction assumption is satisfied. The value (4.639) of test statistic is approximately chi-square with 0 df  under the null hypothesis. So, no-interaction model is preferred to interaction model. The result of no-interaction stratified Cox regression model is given in Table 3 .
The reported coefficients in Table 3 have to be interpreted as the covariate effect on the hazard function or probability of bank failure. In this model, net income/average shareholders' equity (P2), (salaries and employee benefits+ res. for retirement)/number of personnel (AC2) and provisions tax included/total income (AC5) are found significant at a 5% significance level which affect the time of bank failure. P2 (net income/average shareholders' equity) presents a negative effect on the default risk (P2). AC2 ((salaries and employee benefits+ res. for retirement)/number of personnel) is significantly different from zero and with the expected sign. A marginal increase in its level increases the default risk in approximately 3.95%. AC6 (provisions tax included/total income) also has the correct sign. An instant increase in provisions tax included reduces the default risk in approximately 17.34%.
The results from the hazard model estimation are that banks with higher profitability and higher proportion of government bonds in their assets composition (higher liquidity) are less likely to fail. These results are consistent with Wheelock and Wilson (1995) . They found that the banks with higher profitability and less loan their assets composition (higher liquidity) are in a lower risk of bank failure, using a hazard model in a sample of US banks.
Parametric regression models are tried to be used for Turkish bank failure. AndersonDarling and Kolmogrov-Smirnov tests show that survival time does not exactly follow any known distribution; therefore parametric regression models cannot be performed.
The Results of Ordinary Logistic Regression Model
Logistic regression model is used in order to check the signs and significance of parameters of the variables in the model as to whether or not financial ratios are the most important predictors in explaining bank failure. Table 4 shows the results of logistic regression model.
Hosmer and Lemeshow's goodness of fit value, which is significant at the 5% significance level, reveals that the logistic model fits the data well because there is no significant discrepancy between observed and predicted classifications. According to Table 4 , the observed significance level (0.00) associated with 2  for the model (30.217) is less than 1% significance level also indicating that the overall fitness of the logistic model is significant. These two goodness of fit measures show that the logistic regression model is significant that could identify potential bank failures with good accuracy. The coefficients of all variables are statistically significant at the 10% significance level. Based on the analysis of the intercept and the coefficients of the financial ratios, the logistic regression model for predicting the bank failure can be written as
The results show that interest income/interest expenses, other operating income/other operating expenditure, total assets, foreign exchange position/shareholders' equity, and total loans/total assets are significant at a 10% significance level in explaining the bank failure probability. Not surprisingly, the signs of interest income/interest expenses, other operating income/other operating expenditure, total assets, and foreign exchange position/shareholders' equity are negative and the sign of total loans/total assets is positive. The negative signs of the parameter estimations in Table 4 provide the evidence that as the value of financial ratios increases the bank failure probability decreases. However, positive sign of the total loans/total assets equity indicates that an increase in this parameter estimate increases the bank failure probability. These results show that a bank with a higher capitalization, a higher investments return, and lower financial expenses is less probable to fail.
As a result of the logistic regression model, we find that the banks with low earnings, low liquidity, or risky asset portfolios are more likely to fail than the other banks. The results are consistent with Logan (2001) , using a logistic regression model finds that pure profitability and illiquidity are common among UK bank failures in the 1990s.
The in-sample banks are classified into a failed/transferred to SDIF bank group or a nonfailed bank group by the logistic regression model. The logit value of each sample bank is calculated based on Eq. (17) and then it is applied to the probability function in Eq. (12) to obtain the predicted probability for being a bank failure. into the failed group (Group 1). One can evaluate the predictive accuracy by looking at the percent, which is shown in Table 5 . Table 5 shows that the percentage of correctly predicted statistics is 80 percent. This result suggests that the logistic regression model performs well within sample. Appendix also shows that among seventy in-sample banks, fourteen banks are misclassified.
The Results of Conditional Logistic Regression Model
The conditional logistic regression model is empirically developed to explain variables affecting the bank failure. For this aim, cases ( 36 n  ) are defined as banks which are failed or transferred to SDIF after 2001 financial crisis and controls ( 34 n  ) are defined as banks which survived after 2001 financial crisis (non-failed). More than one control per case used in order to increase the precision of the odds ratio estimates. Cases and controls are matched on type of Turkish banks (commercial or non-commercial) to account for these potential confounders. All the coefficients of the model are tested based on the Wald statistic and following stepwise process for variable inclusion. The estimation results for the final conditional logistic regression model are reported in Table  6 .
As seen in Table 6 , conditional logistic regression model is statistically significant at 95% confidence level. Based on the analysis of the coefficients of the financial ratios, the conditional logistic model for predicting the bank failure can be written as
The results show that the models containing net income/average total assets (P1), total income/total expenditure (I4), provisions tax excluded/total income (AC5) are significant at a 95% confidence level in explaining the probability of bank failure in Turkey. The coefficient of P1 (net income/average total assets), is negative and significant at the 95% confidence level. This implies that, other things equal, profitable banks have a lower probability to fail, as expected. The results for the total income/total expenditure (I4) confirm it has a positive statistically coefficient in the conditional logistic regression model. Provisions tax excluded/total income (AC5) is negative and significant, implying that banks with higher level of capital have a higher probability to survive. Overall, the picture is that well capitalized banks exhibit a lower failure probability because the capital buffer is sufficient to absorb unexpected losses. To summarize, a bank is more likely to go bankrupt if it is unprofitable, high leveraged, and has liquidity problems, negative equity situation, and less flexibility to invest itself. Consistent with previous studies (Kuznetsov, 2003; Peresetsky et al. 2011) , the results of the conditional logistic regression model indicates that the probability for a bank to be confronted with a license revocation due to failure is higher for unprofitable, illiquid and undercapitalized banks.
The in-sample banks are classified into a failed/transferred to SDIF bank groups or a nonfailed bank group by the conditional logistic model. The conditional logistic value of each sample bank is calculated based on Eq. (18) and then it is applied to the probability function in Eq. (16) to obtain the predicted probability for being a bank failure. compared to the cut-off probability of 0.5 in the Appendix and classification summary is given in Table 7 .
According to Table 7 , twenty-four banks are misclassified among seventy in-sample banks. The results show that the conditional logistic regression model is able to classify in-sample banks into failed or non-failed groups with 65.7% accuracy rate.
Discussion
Turkish Banking System has gone through some major developments during the last decade. Previous studies on the Turkish banking crisis have focused on the general factors that surrounded the defaults of multiple banks. These descriptive studies showed the macroeconomic environment and the general financial situation of the banks before the crisis. Although looking at the general picture is useful, previous literature does not consider the significance of individual financial factors that are common to both failed/transferred banks to SDIF and non-failed banks.
The aim of this paper is to find out the important financial ratios related to the financial structure and performance of a bank, which could separate out failing banks prior to the failure. These financial ratios, then, can be used to make a statistical model of bank failures after 2001 economic crisis in Turkey. This is also a kind of analysis that investigates the general characteristics of a bank that is likely to go bankrupt.
Our empirical analysis reveals that no-interaction stratified Cox regresssion model significantly outperforms other survival and logistic regression models. Therefore, nointeraction stratified Cox regression model is the best model for explaining the Turkish bank failures. Net income/average shareholders' equity, (salaries and employee benefits+res. for retirement)/number of personnel and provisions tax included/total income have effects on the Turkish bank failure. Our empirical results indicate that low earnings and liquidity, and risky asset portfolios have played a key role in determining a bank's failure. According to the logistic regression model, the most important financial ratios influencing a bank's failure are the ratios grouped by capital adequacy, assets quality, liquidity, and group ratios. These models suggest that bank regulators may derive substantial benefits from the use of simple ratios, possibly as a supplementary requirement, even when more complex measures such as risk-weighted ratios are used to formulate the primary requirements.
Although Pamukbank, Adabank and Şekerbank seem to misclassify according to logistic regression model, the latest advances supports our classification results. Firstly, Pamukbank, which is misclassified as non-failed, claims that according to general conditions it was inequitable to transfer the bank to the SDIF (BRSA, 2003). Council of State opposed this transfer since the Pamukbank's demand of being transferred to Yapı Kredi Bank was refused by BRSA without inspecting the situation enough. Istanbul Chamber of Commerce denoted that it was impossible to understand the sudden transfer of Pamukbank to SDIF, since there was a possibility of uniting the bank with Yapı Kredi Bank, which was in the same group with Pamukbank. The results of our predictions about Adabank showed that this bank had to be failed but it was not failed in fact. One reason 
